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An agent-based model of population dynamics is presented. The model has as its expected
behaviour the population dynamics of the equation-based Webworld model, within which large
communities of species can be grown on evolutionary time scales. Such communities can be used
in the agent-based model without disrupting the food web structure, and hence a unified model of
evolutionary time and individual-based dynamics can be realised. Individuals encounter potential
prey, and optimal foraging strategies are arrived at through natural selection.
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I. INTRODUCTION
The basic processes which shape ecosystem functions
occur at the level of individuals [1], whether as direct
or indirect competition between members of the same
species, competition between species, or host/pathogen
interactions [2, 3] by which the fitness of an individual
might be decreased by the proximity of other members of
the same species. Where more sophisticated behaviour
exists, mutual benefit may be obtained by co-operation
between members of the same species [4]. The influence
of each of these effects on ecosystem function is, however,
perceived only on the time scale of community assembly.
Species invasions demonstrate how interactions shape the
community on relatively short time scales [5], and Green
Mountain [6] exemplifies how an whole ecosystem can be
assembled from disparate parts on a relatively short time
scale. The features of individual species, though, must
have been arrived at through evolution in the context of a
community of species, and hence only by considering the
consequences of individual interactions on evolutionary
time scales can a fuller understanding of the underly-
ing principles of natural ecosystems be achieved. Such
questions cannot be readily answered by empirical study,
though microcosm experiments [7, 8] may be able to ad-
dress some degree of evolutionary adaptation of species
to their community. Proper understanding of the mecha-
nisms behind processes such as behaviour and community
assembly and evolution implies the ability to construct
models, numerical or biological, which demonstrate the
sufficiency and necessity of the theories used. The impor-
tance of heterogeneity at the level of individuals in under-
standing ecosystem function is shown by individual- or
agent-based approaches to modelling observed communi-
ties [9]. Likewise, to demonstrate the principles behind
ecosystem evolution requires models able to include these
individual-level effects on evolutionary time scales.
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Ecosystem models typically use the simplification of
representing communities as a food web, in which com-
plex interactions are reduced to feeding relations. Such
models have achieved remarkable success at reproducing
basic observations of real ecology [10]. It is therefore
prudent to seek to improve these models by the inclusion
of more realistic interactions, rather than attempting to
expand very detailed models [11, 12, 13] to include evolu-
tionary processes. The Webworld model, first introduced
by Caldarelli et al. [14] and modified to include more
plausible population dynamics by Drossel et al. [15], has
achieved some success in creating food webs of species
either co-evolved in an unchanging abiotic environment
[16, 17, 18], or constructed through immigration from
such a community [19]. By introducing a model whose
expected behaviour is equivalent, but which incorporates
stochastic population dynamics, Powell and Boland [20]
were able to include within the context of Webworld a
model appropriate for studying population dynamics on
a smaller spatial and temporal scale, the effects of which
need to be considered when applying the earlier model. It
is the aim of this paper to add a further level of detail to
the growing family of Webworld models, in which individ-
uals can be considered as discrete and distinguishable en-
tities. By maintaining equivalence with the population-
level model, it is possible to transfer a model community
between levels of detail so that, in effect, one model can
perform both evolutionary time scales and detailed in-
teractions. Not only is this prohibited by computational
expense in a single model, but it is difficult to understand
the relation between different scales. By manipulation of
the different aspects of the Webworld model, insight can
be gained into the relation between phenomena at differ-
ent scales.
While it may not be possible to model arbitrarily de-
tailed interactions at the population level, it should be
possible to maintain a ‘ladder’ of models such that at each
level consistency can be found with either the broader or
more detailed model. In doing so, understanding can be
propagated between the two extremes of the model, and
concepts of individual behaviour can hence be translated
2into ecosystem consequences. Once it is demonstrated
that an agent-based model consistent with the insights
gained in a population-level model has been achieved,
a number of options are open for future investigation.
These include the introduction of spatial heterogeneity,
either as an explicit effect or by community diversifica-
tion [21], or of interactions between individuals beyond
those reflected in a food web, such as mutualism, Janzen-
Connell effects [22], or the effects of direct competition
[23]
In section II a summary of the existing Webworld
model is given, followed by the essential features of the
new, agent-based model. A complete description of the
agent-based model, based on the template of Grimm
et al. [24] and suited to readers wishing to implement the
model, is given in the appendix. Section III presents ana-
lytic results demonstrating agreement between the agent-
and equation-based models in simple circumstances, and
the agreement in small communities of species is demon-
strated by numerical results presented in section IV. Ad-
ditional insight gained by the use of agent-based tech-
niques is discussed in section V.
II. MODEL DESCRIPTION
The Webworld model was introduced by Caldarelli
et al. [14], but significant changes were made to the pop-
ulation dynamics by Drossel et al. [15]. More recent work
has been based on the form of the model in the latter pa-
per, and it is this that is reproduced by the agent-based
model being introduced. On the longest timescales, Web-
world models the dynamics of species within food webs
as evolutionary changes or immigration events shift the
relative steady-state abundances of the various species.
Species in this sense are described by sets of attributes,
whose exact biological interpretation is assumed to be
unimportant. For each attribute a species possesses, the
fixed matrix m describes whether it provides a benefit
or hindrance during interactions with an individual of
predator or prey species. Specifically, the score Sij which
determines the feeding interaction between species i and
j is the sum over all pairs of attributes of each species,
so
Sij =
1
L
∑
α,β
mαβ , (1)
where the sum runs over L attributes of each i and j.
Each element of matrix m is a random number cho-
sen from a normal distribution with zero mean and unit
variance. New species can be introduced by taking a
sub-population of an existing species and changing one
attribute. The resultant mutant species tends to have
scores similar to those of its parent, but repeated muta-
tions introduce diversity which allows the formation of
complex food web structures. A second aspect of the
dynamics which relies on the attribute model is inter-
specific competition. It is assumed that species which
share several attributes are, when they feed on the same
prey species, more directly in competition with each
other than if they had no attributes in common. The
equation used for the inter-specific competition is
αij = c+ (1− c) qij , (2)
where qij is the proportion of attributes possessed by
both species i and j, and the minimum competition has
typically been chosen as c = 0.5 in previous papers.
On shorter timescales, the population dynamics is de-
scribed by the the equation
N˙i = λ
∑
j
gijNi −
∑
j
gjiNj − dNi, (3)
in which the functional response, gij , is the contribution
by each member of species i to the rate at which individ-
uals of species j are consumed. The second sum in (3) is
therefore the total rate at which individuals of species i
are lost to predators; the final term corresponds to death
from all other causes, and is assumed to occur at rate d
per individual. The choice of d = 1 sets the timescale of
the model. The first term in (3) is the total rate at which
feeding occurs by member of species i, multiplied by the
ecological efficiency, λ = 0.1. This factor is the mean
number of predator offspring born for each prey indi-
vidual consumed. The functional response of the parent
model incorporates details of adaptive foraging, which is
assumed to adapt sufficiently rapidly that the Evolution-
arily Stable Strategy (ESS) is followed at all times. The
functional response is given by
gij =
fijSijNj
bNj +
∑
k αikfkjSkjNk
, (4)
where b = 1/200 and fij is some foraging effort di-
vided between prey species such that, for each species,
i,
∑
j fij = 1. In this case the ESS was shown by Drossel
et al. [15] to correspond to
fij =
gij∑
k gik
, (5)
which can be solved by iterative application of (4) and
(5).
It was shown in Powell and Boland [20] that the par-
ent Webworld model could be reproduced by a reaction
scheme in which sated individuals of species i become
hungry at rate Sij/b according to the last prey they con-
sumed, and in which all individuals are susceptible to
death with an expected rate d. Foraging remained gov-
erned by a form of the functional response, with foraging
predators consuming foraging prey with a reaction rate
coefficient
k(i, j) =
{∑
k
αikfkj
Skj
Sij
Nk
}
−1
. (6)
The restriction to foraging prey is based on the insight
that prey behaviour is influenced by the presence of
3predators to reduce risk [25]. Prey individuals in the
present model can gain no advantage while sated or tired,
and hence should seek refuge.
This paper introduces an agent-based model in which
the functional response is reproduced by heterogeneity of
the prey population. Each agent is a member of a par-
ticular species, which dictates the scores underlying its
ability to feed on particular prey. The ESS of the parent
model, given by (4) and (5), suggests that it should not
be the optimal strategy to simply attack any prey indi-
vidual encountered, and each agent is therefore allocated
a strategy, which indicates the probability with which an
individual of any particular species should be attacked.
In the absence of an analytic form for this strategy, it
should still arise by natural selection if offspring of each
agent adopt a slightly mutated strategy.
The population heterogeneity necessary to reproduce
the Webworld functional response can be introduced if
each agent is given a further set of attributes, drawn
from the same set as the species attributes. To give an
intuitive interpretation these are termed ‘vulnerabilities’;
they are features which are not inherited, but which dif-
ferentiate between the individuals of the same species. If
the species attributes are those which have been selected
by evolution, the vulnerabilities might correspond to the
remaining variability. The Webworld model can be repro-
duced if, in order to successfully feed on a prey individual,
at least one attribute must be shared by that individual
and the predator species. In this way, the abundance of
the predator attributes is diminished in each of its prey
species through selective predation, while being resup-
plied through birth. Inter-specific competition is intrin-
sically stronger between predator species if they share
several of the same attributes, since they will then be
feeding on substantially overlapping subsets of the prey
population. A full specification of the model, based on
Grimm et al. [24], is given in the appendix.
To reproduce the Webworld model, it is essential that
the vulnerabilities of a prey individual cannot be per-
ceived directly by its predators. A predator will there-
fore ‘attack’ regardless of whether the prey individual
is vulnerable or not, and hence some proportion of at-
tempted attacks will be successful. As predation pres-
sure increases, the proportion of successful attacks will
decrease, leading to the functional response desired. If an
attack is successful then the predator individual becomes
sated and the prey individual is killed, but in the event
of an unsuccessful attack the prey individual suffers no
penalty, while the predator becomes tired for some period
of time. Recovery of the Webworld functional response,
given below, requires that this time is equal to the time
taken to recover from the sated state, b/Sij. The intu-
itive relation between the two time scales depends heavily
on the interpretation of the tired and sated states. If the
sated period is thought of as a digestion time, tired in-
dividuals would begin foraging again much more quickly,
having nothing to digest. When the rate of recovery after
an unsuccessful attack is very large, the results become
unlike Webworld, since there is no penalty associated
with attacking a prey for which there is heavy compe-
tition. Conversely, if the satiation period is thought of
as recovery from the physical exertion of the attack, this
may not depend on the degree of success at all. It is even
possible that the time period for an unsuccessful attack
should be longer than for a successful one; if a predator
gives up an attack after time t then on average successful
attacks must take less than this time, while unsuccess-
ful attacks will always take time t. The consequences of
the interpretation for the prey individual will not be con-
sidered in this paper, since the closest approximation to
Webworld occurs when the prey does not suffer indirect
effects of predation.
III. ANALYTIC RESULTS
The functional response of the agent-based model can
be determined analytically for simple systems, and useful
results are obtained by considering a prey species of con-
stant population, Nj , being predated by a single predator
which itself has no alternative prey. In this case there
are five populations of interest, those being the num-
ber of vulnerable and invulnerable prey, and the number
of foraging, sated, and tired predators. It is useful to
be able to assume that each population is in a steady-
state, and hence set all time derivatives in the analysis
to zero. By choosing an appropriate rate coefficient for
the death of predator individuals, the predator popula-
tion can be large or small compared to the prey popula-
tion, and hence the assumption of being in a steady-state
does not require a particular ratio of populations. Dur-
ing the analysis, di will indicate the death rate coefficient
for species i. In the parent model and in the numerical
results of this paper, di = d = 1 for all species.
In the steady state, the number of individuals of prey
species j vulnerable to predator i is given by
vij =
fdj
dj + (1− f)ωN ′i
Nj , (7)
where fraction f of new-born individuals are vulnerable
to this predator, and N ′i predators are foraging concur-
rently. The reaction rate coefficient ω = 1 is introduced
to clarify dimensionality. Because predator individuals
are only born of sated predators, the total predator pop-
ulation is given by
Ni = λ
Sij
bdi
N∗i , (8)
where there are N∗i sated individuals. The number of
sated individuals is given by the balance of feeding with
death and the return to foraging, so (8) can be written
in terms of the number of foraging predators as
Ni = λ
Sij
Sij − bdi
ωvij
di
N ′i . (9)
4Assuming that sated predators are very likely to return
to foraging before they die, i.e. Sij ≫ bdi, the predator
population is given by
Ni = λ
f
1− f
dj
di
Nj . (10)
In the parent model the equivalent result is that Ni =
λNj , with the standard assumption that the death rate is
d for all species. Thus, the agent-based model is closest
to the parent model for f = 1
2
. Given the usual Webworld
condition that species have L = 10 attributes chosen from
K = 500 possibilities, this occurs most precisely for 33
vulnerability attributes, since∣∣∣∣f − 12
∣∣∣∣ =
∣∣∣∣ (K − L)!K! (K − V )!(K − L− V )! − 12
∣∣∣∣ , (11)
the ‘error’ in f , is minimized for V = 33. Using f =
1
2
, the rate of change of the predator population can be
written as
N˙i = λ
SijNj
2bNj +
SijNi
d
+
2Sij
ω
Ni − dNi. (12)
For large populations, the third term in the denominator
is negligible, and only two differences remain between this
functional response and that used in the parent model,
shown in (4). The first is that there remains a factor of 2
discrepancy in the first term of the denominator, which
relates to high prey abundances. This is directly related
to the fact that at most half of the prey individuals are
vulnerable to predation in the agent-based model. The
second difference is the appearance of d = 1 in the sec-
ond term of the denominator. Since Sij/b is interpreted
as a reaction rate, this is required for dimensional con-
sistency. One complication of this analysis is that the
effective population of the prey species is the number
of concurrently foraging individuals. While only a small
fraction of the population are expected to be sated at the
same time, a rather large proportion may be tired. Thus,
in the agent-based model, the effective prey population
may be significantly different from the total population.
This effect can be removed by denying tired individuals
any immunity to predation, but the numerical results in
this paper examine the case of sated and tired individuals
being ‘invulnerable’.
In order to remove the remaining need to consider two-
body processes, the foraging process can be replaced by
explicit modelling of a small patch of space. Individuals
move between vertices in a Cartesian lattice with a char-
acteristic interval, and on arrival at a new site interact
with each individual present in a random order. Three
types of interaction are possible; in the first case, neither
individual wishes to attack the other, so the subsequent
potential interactions are considered in turn. Secondly,
the new individual may choose to attack a resident, in
which case it must become either sated or tired. Because
interaction with sated and tired individuals is prohib-
ited, subsequent potential interactions are ignored. The
third possibility is that the resident individual attacks the
newcomer. If successful, the newcomer is consumed, and
clearly cannot participate in further interactions. Oth-
erwise, the attacker becomes tired, but the subsequent
potential interactions of the newcomer are considered in
turn. If the newcomer does not become sated or tired
due to any interaction, it remains on the new site for the
characteristic time, and may interact with any individu-
als entering the site. In this context, it is more appro-
priate to consider foraging strategy as the probability of
attacking an individual of a particular prey species en-
countered, in which case the strategy of each individual
is a value between zero and one for each prey species.
A useful quantity to consider in order to determine
optimal behaviour is the utility of each individual. Util-
ity in an ecological context can be equated to the future
lifetime reproductive success of an individual, and in the
case of asexual reproduction it can, for simplicity, be as-
sumed that each offspring produced corresponds to a util-
ity gain to the parent equal to its own utility at birth.
If the probability of dying in a given time interval is not
dependent on age, it follows that the utility depends only
on circumstances, and an individual can take actions to
maximize its utility even without knowing the absolute
value. Writing as Ui the utility of an individual of species
i when not in an encounter, it follows that the utility of
attacking an encountered individual of species j, Uij , is
Uij =
Sij
Sij + bd
{
1 +
λvij
Nj
}
Ui, (13)
where Sij/ (Sij + bd) is the probability of surviving to
start foraging again after the attack, at which time the
individual again has utility Ui, and reproduces with prob-
ability λ if it encountered one of the vij vulnerable indi-
viduals. Assuming that each individual of species i acts
in the same way, and attacks members of species j with
probability pij , deductions can be made about pij . If
Uij < Ui, utility is lost by attacking, so pij = 0. If no
related predators feed on species j then half the individ-
uals of that species will be vulnerable, and the condition
that pij = 0 is
Sij <
2bd
λ
. (14)
In this case, the chance of dying before starting to forage
again outweighs the potential gain through reproduction.
If the prey species is, instead, strongly favoured, pij = 1.
In this case, assuming that vij is constant,
vij
Nj
=
d
2d+ ωN ′i
. (15)
By considering all the various sub-populations of species
i to have constant population, it can be shown that
N ′i =

1 + bω
∑
j
pijNj
Sij + bd


−1
Ni. (16)
5FIG. 1: The food web used in simulated time-series. The food
web consists of two herbivores each feeding predominantly on
pairs of plants. However, for each pair of species a feeding
link is possible in one direction, so more completely connected
webs can exist for sub-optimal foraging. The species designa-
tions are given in ascending order of population in the parent
model. The environment species, E, has either a fixed popu-
lation or a fixed birth rate.
It follows that the prey species should always be attacked
subject to the condition that
Sij >
2bd
λ
+
bNi
λ

 1ω + b
∑
j
pijNj
Sij + bd


−1
. (17)
For all cases in which 0 < pij < 1, the utility of attacking
a presenting prey individual is equal to the utility of not
doing so. However, this is only the case because the
fraction of vulnerable individuals is maintained by the
attack probability. For each attack not carried out, the
proportion of vulnerable individuals rises, and it becomes
optimal to attack. Conversely, too many attacks deplete
the abundance of vulnerable prey, and it is optimal to
seek other prey species.
IV. SIMULATION RESULTS
Since it is not trivial to identify the steady-state dis-
tribution of vulnerability traits in the population of each
species, the simulations examined in this paper each start
from a uniform distribution. The food web shown in
Fig. 1, a small community grown in the equation-based
model, was used to provide a community of species with
established feeding links. Individuals of the resource
species, E, are added at a constant rate, ρ, and are sub-
ject to ‘death’ at rate d in the same way as all other
species. It was experimentally determined that, for a
100 × 100 lattice with periodic boundary conditions, an
interval between agent movements of τ = 9174−1 was
needed to match the unit expectation time in the parent
model of two individuals meeting. The closest match to
the steady-state strategy of the parent model was built
by allocating individuals of each species to pure foraging
strategies according to the ESS, fij as calculated from
(5). The strategy of new-born individuals was copied
from their parent with mutation, such that the probabil-
ity of attacking each prey species was adjusted by 5%,
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FIG. 2: The ensemble-average time-series of 20 simulation
runs, sampled at approximately unit intervals. In order of
ascending population at time 200 the species are; H1, H2, P1,
P2, P4, and P3.
then rescaled to make the greatest probability 1.0. Frac-
tion µ = 0.01 of new-borns were assigned an additional
prey species chosen at random from the ESS, which they
attack with probability 0.5 if it was not already assigned
a non-zero probability. From these initial conditions, Fig-
ure 2 shows that after approximately twenty generations,
the population of each species has settled to an approxi-
mately steady value. The ratio of these populations are
not quite the same as for the parent model, but it is
sufficiently remarkable that the model is able to support
food webs built in the parent model without substantial
reconfiguration, given the gap between the competition
models.
For comparison, the agent-based model was run from
an initial condition in which all prey corresponding to
positive Sij are attacked. In this case, for each pair of
species i, j 6= i either Sij or Sji is positive, and hence one
species will definitely attack the other when encountered.
Where Sij is very small this can be very far from the op-
timal strategy, to the extent that no feeding link exists
in the parent model. The ensemble-average time series
shown in Figure 3 covers a much longer period of time
than does Figure 2, yet even after this period the system
has not reached a steady state. Examination of the single
time series shown in Figure 4 illustrates the underlying
cause of the gradually changing populations seen in Fig-
ure 3. In any given simulation run, there exist states in
which the population of each species is not changing sys-
tematically with time to any great degree, but which are
interrupted by rapid transitions to a different configura-
tion of populations. The change takes place over a few
generations, and is caused by the rapid propagation of a
superior foraging strategy through one species.
The four periods marked in Fig. 4 clearly differ in the
relative populations of the six species and, apart from
stochastic effects, do not appear to contain systematic
changes in those populations. To understand the cause
of the differences, the effective food web was calculated
for each period by counting the number of occasions on
60 1000 2000 3000 4000 5000 6000
0
100
200
300
400
500
600
po
pu
la
tio
n
time (generations)
FIG. 3: The ensemble-average time-series of 20 simulation
runs, binned to intervals of 20 generations. In order of as-
cending population at time 1000 (marked) the species are;
H1, P2, P4, P3, H2, and P1.
which each species consumed each possible prey. The es-
sential difference between successive periods is the loss of
a single feeding strategy by one species. By the time of
the first marked period, only three strategies had been
lost from the fully-connected food web of the initial con-
dition; species P3 was no longer fed on by either species
P2 or P4, accounting for its increase in abundance af-
ter an early low, and P4 had also ceased feeding on P2.
By the second period, P1 had also stopped feeding on
P3, and it stopped feeding on P4 by the third period.
In each case the predator population was decreased by
adopting a strategy for which individual fitness was im-
proved. By the final period, H1 had stopped feeding on
P2, but two very significant differences from the parent
configuration remain. In the first place, ‘plant’ P1 still
fed on P2 rather than becoming truly basal. Secondly,
and with great significance to the relative populations,
H2 still fed upon the environment directly.
Allowed sufficient time, the food web configuration
present in the ensemble of Figure 2 might be recovered,
but the timescale is extremely long. An increase in the
resource availability by a factor of two appears to slow
the transitions by approximately a factor of four, but re-
ducing the resources by a similar factor results in almost
all cases in the extinction of P3 during its early under-
abundant phase. It has therefore not been possible to test
for the complete convergence of the ensembles shown in
Figures 2 and 3, and consequently it has not been demon-
strated that the agent-based model will converge on the
same configuration as the parent model.
V. CONCLUSIONS
An agent-based approach is a natural level of detail at
which to examine a number of phenomena important to
the formation of food web structures in related models.
In particular, evolutionary mechanisms operate at this
level, and predictions regarding the population-level be-
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FIG. 4: A sample time-series, binned to intervals of 20 gen-
erations. The feeding strategy of the agents was determined
within each of the four marked intervals. Species P1 and
H2 initially have the highest and second-highest populations
respectively, while H1 has the lowest population after time
500. The three transitions to larger populations are made, in
chronological order, by species P3, P4, and P2.
haviour of an evolving system need to be tested by com-
parison with the predictions of simulations of individuals,
especially where other experimental confirmation is not
possible. A surprising outcome of the simulations of the
agent-based model presented in this paper is that the
approach to the evolutionary stable strategy assumed by
earlier, population-level models is inhibited by increased
populations to such a degree that the ESS may never
be relevant to a food web continually perturbed by inva-
sions, extrinsic fluctuations, and spatial inhomogeneity.
The computational demands of agent-based simulation,
as compared to equation-based models of population dy-
namics, make the more detailed model inappropriate for
examining evolutionary time-scales, but an investigation
of the assembly of immigrant communities under agent-
based dynamics is feasible. An essential aspect of future
investigation is to relate the agent- and the equation-
based models not merely in terms of mean behaviour,
but in understanding and predicting the deviations of
the former model from that mean.
Two related aspects of the approach to agent-based
modelling used are of particular value. On the one hand,
the process of developing an agent-based model provides
insight into implicit assumptions about the mechanisms
being used. Where population-level equations have been
chosen to reproduce observed phenomena this can lead
to understanding of the particular interactions which are
necessary to reproduce the observations. On the other
hand, much insight from behavioural biologists and ecolo-
gists can be incorporated into a model only at the level of
interactions between individuals, since the consequences
of including these effects are not know a priori. The de-
velopment of a generic food web model into which these
effects can be incorporated is therefore of great poten-
tial value, especially as the model is already known to be
able to reproduce a number of ecological results relating
7to food web function and species populations.
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APPENDIX A: MODEL DESCRIPTION
This section provides a specification for the agent-
based Webworld model based on the template of Grimm
et al. [24]. Further details of the model at the population
level can be found in Caldarelli et al. [14] and Drossel
et al. [15].
8Symbol Description Value
b Time scale for ‘digestion’ 0.005
d−1 Maximum life span 1.0
of individual
λ Ecological efficiency/ 0.1
probability of reproduction
µ Probability of acquiring 0.01
new prey
ρ Rate of introduction of 50 000
resource individuals
τ Time interval for movement 9174−1
TABLE I: Global constants of the agent-based Webworld
model. ρ is chosen to determine the final population size
and/or number of species.
1. Purpose
The purpose of the model is to reproduce the Webworld
model of food web assembly in an agent-based formula-
tion. The derivation of the model gives insight into the
mechanisms implicitly underlying the earlier model, and
the use of an agent-based framework lays the foundations
for future abstract models to incorporate more realistic
ecological detail.
2. State variables
The model comprises species, identical in description
to those used in earlier, non-agent-based papers, individ-
uals, and a spatial lattice. Individuals are characterised
by the state variables: species, vulnerabilities, strategy,
birth date, date of next action, a direction, and a three-
valued discrete variable recording whether the individual
is foraging, tired, or sated. Global variables are given in
Table I.
The species is a set of L = 10 attributes chosen from
K = 500 possibilities. For each pair of species i, j, these
determine the score of i when feeding on j, Sij = −Sji,
calculated using (1). Negative values of Sij are never
used. Species are evolved by mutation and selection as
described by Drossel et al. [15]. A constraint on the set of
attributes is that the L attributes must all be different,
and that species must differ in at least one attribute.
The vulnerabilities are a set of V = 33 attributes cho-
sen from the same set as the species attributes. These
are chosen at birth from a uniform distribution, with the
condition that the V attributes are all different.
The strategy of an agent is an associative array of
species and probabilities. The array must contain at least
one species with associated probability 1, and does not
contain any species, j, for which Sij ≤ 0, where i is the
species of the agent. For each species not represented in
the array, the probability is assumed to be zero. Con-
ceptually, the offspring of an agent adopt the same set of
Species Attributes
E 10, 33, 60, 78, 114, 260, 342, 346, 391, 428
P1 81, 204, 217, 240, 328, 335, 357, 368, 388, 467
P2 1, 43, 156, 165, 210, 220, 250, 320, 368, 481
P3 127, 130, 183, 193, 204, 210, 225, 240, 481, 467
P4 43, 80, 193, 217, 320, 390, 400, 425, 446, 470
H1 5, 31, 224, 332, 367, 374, 450, 459, 463, 495
H2 73, 211, 252, 294, 297, 330, 336, 370, 384, 466
TABLE II: Attributes of the co-evolved species in the small
community used for the simulation results of this paper.
prey species with slightly altered probabilities, and there-
fore cannot normally feed on prey species which were un-
known to their parent.
The birth date and date of next action are used to
determine the life history of the individual as specified in
the next section.
The lattice associates each individual with one lattice
point, and represents a two-dimensional Cartesian space
with periodic boundaries to model a well-mixed spatial
distribution.
Individuals of the special ‘resource’ species are intro-
duced at rate ρ. Individuals of this species can be at-
tacked in the same manner as a normal species, but can-
not themselves attack. They are assumed to always be
in the ‘foraging’ state.
3. Process overview and scheduling
The model proceeds by discrete events, and has an in-
ternal date variable to represent the most recent event.
Each agent acts either on its internal date-of-next-action
or time d−1 after its birth, whichever the sooner. In the
latter case the agent simply dies, and is removed from the
model. The model identifies the agent with the earliest
date, choosing at random between agents that happen
to have the same date, typically due to the limits of nu-
merical precision. Before the selected agent acts, new
resources are added to the system according to a Pois-
son distribution with expectation value ρδt, where δt is
the difference between the agent’s date of action and the
date of the most recent event. Like ‘real’ individuals, re-
sources are removed from the model time d−1 after they
are added. The action that the agent takes depends on
its state. If the agent is tired, it enters the foraging state,
and schedules a date τ later on which to move. An agent
does the same if it is sated, except that in this case it
reproduces with probability λ. The creation of the off-
spring is detailed below. If the agent is neither tired nor
sated, it must be foraging, and the event is one of move-
ment.
Movement occurs on the spatial lattice. The value
of τ given in Table I corresponds to a square lattice of
100× 100 points, with periodic boundaries. To promote
mixing, agents move in the same direction as their pre-
9Prey
Predator E P1 P2 P3 P4 H1
P1 5.599 1.924 0.7194 0.9849
P2 5.586 0.2975
P3 5.72
P4 5.885 0.1906 0.4078
H1 3.096 0.5075 4.829 0.4491
H2 0.1252 1.54 4.781 0.582 2.793 0.6788
TABLE III: Scores of the small community used for the sim-
ulation results of this paper. Non-positive scores are omitted
for simplicity.
vious movement with probability 1
2
, or move to the left
or right of that direction with probability 1
4
in each case.
Other movement schemes may be preferred but have not
been investigated. On the arrival of agent X at the new
lattice point, all foraging agents present are placed in
a queue in random order. Agents which are not forag-
ing cannot predate on agent X, and are assumed to be
concealed such that they cannot be predated themselves.
For each agent in the queue in turn, agent X and the
queued agent are each given the opportunity to attack
one another. Because Sij = −Sji for any species i and j,
mutual predation and cannibalism is forbidden in Web-
world, and hence for any pair of individuals at most one
will attack. If X still exists and is still in the foraging
state, the interaction with the next agent in the queue is
investigated. If X remains in the foraging state after all
possible interactions have been considered, it schedules a
movement action after time τ .
When agent Y is given the chance to attack agent Z, it
examines its strategy to determine the result, based on
the species of Z. If Y attacks, it discovers whether or not
Z has a vulnerability to Y’s species. If so, the attack is
successful, in which case Z is destroyed and Y enters the
sated state. If Z is not vulnerable to Y’s species, Y enters
the tired state, but Z is unaltered. In particular, Z does
not cease foraging. In either case, Y is no longer foraging,
and reschedules its next action to occur after time b/Sij,
where i is the species of Y and j is the species of Z.
Offspring are added to the system as copies of their
(single) parent in the same location. Their birth date is
set, fixing the latest date at which they might die, and
they schedule a movement action for time τ after their
birth. The vulnerabilities of the offspring are generated
as a random selection of theK species attributes, without
repetition. For each species in the parent’s strategy, the
probability of attacking that species is modified ±0.05,
then scaled such that the maximum probability is 1. If
any ‘probability’ has become less than or equal to zero,
the corresponding species is removed from the strategy.
With probability µ, the ESS of the species is calculated
using (4) and (5), and one prey species selected using
the ESS as a probability distribution. If the offspring’s
strategy does not contain that prey, it is added with prob-
ability of attack equal to 0.5.
Species E P1 P2 P3 P4 H1 H2
Population 20000 87 335 449 524 26 91
TABLE IV: Initial populations used in the agent-based sim-
ulations. These reflect the steady-state populations of the
parent model, scaled by a factor of 20 to reduce stochastic
extinctions.
4. Design concepts
Emergence: Although there exists an expected be-
haviour of each species according to the parent model,
the strategy in fact allows the emergence of a food web
configuration given an arbitrary set of species. When
evolution or immigration of new species occurs, the bal-
ance of introduction and extinction causes an emergent
food web configuration.
Adaptation: On short time scales, the strategy of
agents is subject to selection. The strategy of a popula-
tion of agents should approximate the ESS of the parent
model, which is found explicitly. On longer time scales,
species are introduced as mutants of existing species in
the same manner as in the parent model. These species
co-evolve to promote adaptation between predators and
prey.
Fitness: Fitness is implicitly modelled as the time
taken for an individual to reproduce. Individuals suc-
cessful in identifying prey species susceptible to attack,
and which correspond to large score values, will repro-
duce rapidly and hence increase in abundance. Individu-
als are implicitly unfit if they are vulnerable to abundant
predators, but vulnerability traits are not inherited and
hence no selection operates.
Prediction: Agents do not possess any degree of rea-
soning, and do not even adjust their strategy according
to their life history. Natural selection adjusts the mean
strategy of each species to suit the expected success rate
of feeding on each prey species.
Sensing: Individuals are able to sense only the species
to which other individuals belong.
Interaction: All interactions between individuals are
of a predatory nature.
Stochasticity: The movement of individuals on the
lattice is stochastic, and the decision to attack prey
is stochastic if more than one prey species is known.
On evolutionary time-scales, the mutations available to
species are stochastic, allowing selection to drive the evo-
lution of the ecology.
Collectives: The only collective entities in the model
per se are species, which dictate the possible interactions
between individuals.
Observation: Intended observations are the population
of each species, and the strategy averaged over all indi-
viduals of each species. The latter is a proxy for the
strategy, fij , measured in the parent model.
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5. Initialization
For the results in this paper, the model was initialized
from a small community of species grown in the parent
model. Using an arbitrary population multiplier, indi-
viduals were placed in the model in proportion to the
species population in the parent model. Vulnerabilities
were assigned at random, although this cannot be the
steady-state configuration since individuals vulnerable to
extant predators are depleted. For the results most like
the parent model, strategies were initially assigned by
dividing agents into groups according to the ESS. Sub-
ject to rounding, fraction fij of the individuals of species
i were assigned a ‘pure’ strategy consisting of attacking
species j with probability 1. Agents, and resources in
an abundance specified as an initial condition, were scat-
tered at random on the lattice with random direction.
For the simulation runs presented in this paper, Ta-
ble II details the species present, an overview of the food
web being shown in Fig. 1. The scores which lead to the
feeding relations and the behaviour of the agent-based
model are given in Table III. All simulation runs were
initialized with the populations shown in Table IV.
6. Input
Resources are added to the system at a constant rate,
allowing resource influx to balance resource consumption
and ‘death’. Species can be added as mutants of existing
species by changing one attribute, or from a community
evolved previously, perhaps in the parent model.
